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ABSTRACT
Adapting to Extreme Heat: Social, Atmospheric, and Infrastructure Impacts of Air
Conditioning in Megacities - The Case of New York City

Harold Gamarro
Department of Mechanical Engineering
NOAA EPP Earth System Sciences and Remote Sensing Scholar

Extreme heat events are becoming more frequent and intense in most large cities. Builtup surfaces also limit cooling mechanisms, leading to warmer conditions in cities, a
phenomenon called the Urban Heat Island (UHI). This presents major challenges to
reduce adverse health effects of hot weather, particularly in vulnerable populations like
the elderly and low-income communities. Here we explore the overall impacts of
increasing air conditioning (AC) system adoption in residences as an adaptive measure
to reduce human health risks under heat waves, with New York City (NYC) as a case
study. This study uses AC adoption data from the 2017 New York City Housing and
Vacancy Survey to study impacts to health, energy demand, and UHI. Across NYC, this
AC adoption spans from 75.8% to 98.4% of homes. The Weather Research and
Forecasting (WRF) model, coupled with a multi-layer building environment
parameterization and building energy model (BEP – BEM) is used to perform this
analysis. The BEP – BEM schemes are improved and used as a tool to analyze current
and full AC adoption scenarios. AC household fraction data are ingested into WRF to
describe the spatial distribution of AC use across NYC. A city-scale case study is
performed over the summer months of June – August 2018, which includes three
different extreme heat events. Model results are validated with surface weather
stations for the entire summer, showing good agreement. The impact of increasing AC
systems to 100% usage across NYC results in a peak energy demand increase of 20%,
while the UHI is slightly increase on average by 0.42 ⁰C. Results highlight potential
tradeoffs in extreme heat adaptation strategies for cities, which may be necessary in the
context of increasing extreme heat events.

Thesis Supervisor: Professor Jorge E. Gonzalez, Ph.D. FASME
Title: NOAA CESSRST Professor of Mechanical Engineering
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CHAPTER 1
1. INTRODUCTION
1.1.

Introduction
Extreme heat events are becoming more frequent and intense across large cities

worldwide. According to the Intergovernmental Panel of Climate Change ( IPCC) report
[1], the risk of heatwaves will increase during the 21st century requiring adaptation
measures to reduce impacts on health and comfort, particularly in vulnerable
populations like the elderly and low-income communities [2,3]. The 2019 New York City
Panel on Climate Change (NPCC) also reported that summer heat waves are expected to
become more frequent, longer, and more intense [4] in New York City (NYC), the largest
city in the US. As a result, climate change is projected to cause an increased demand for
air conditioning (AC) [5,6], where the adoption of global AC ownership is projected to
increase to about two thirds of all households by 2050 [7]. Large urban regions like NYC
have been shown to further exacerbate this problem, where ambient temperatures are
often higher than the surrounding regions, an effect known as the Urban Heat Island
(UHI), which is caused by the urban morphology including higher heat capacity surfaces,
higher density of vertical structures with varying heights, limited green spaces, and
anthropogenic heat releases [8–10]. This UHI may intensify periods of extreme heat
locally due to a lack of surface moisture in urban areas, low wind speed associated with
heat waves, and increased heat storage and generation [11–17].
Furthermore, around 55% of the world's population currently reside in urban
areas, and it is projected to increase to 68% by 2050 where urban areas are expected to
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absorb virtually all of the future growth of the world’s population [18,19], further
increasing the health and economic risks associated with intense heat waves.
Higher urban ambient temperatures present challenges that are likely to cause social,
environmental, and infrastructural impacts. In terms of infrastructural impacts, urban
overheating will cause an increase in energy demand for space cooling where global
residential cooling energy demand is projected to increase between 320% (low
development scenario) to 2270% (high development scenario) [20].
Urban overheating will also have a drastic impact on the most vulnerable
population in the cities in terms of health and comfort. In NYC, premature mortality is
projected to grow between 47% to 95% by mid-century as a result of heat waves [21]
where these mortalities are known to affect lower income and vulnerable populations,
like the elderly, [2,22,23] at higher rates. One reason to explain this disparity can be a
result of a building envelope with low thermal quality that presents significant
overheating [24,25]. Another reason can be the low prevalence of AC as reported by
O’Neil et al. [26] and by Ito et al. [27], who also found that areas with lower AC adoption
coincide with higher rates of heat-related mortality and hospitalizations. As a result, the
most vulnerable will be exposed to higher indoor and outdoor ambient temperatures
while also needing more energy than the average to fully meet the cooling demand [25]
ultimately bearing a higher energy cost burden [28].
In this investigation we explore the overall impacts of increasing AC system adoption
in residences to 100% as an adaptive measure to reduce human health risks under heat
waves, with NYC as a case study. This study uses AC adoption data from the 2017 New

2

York City Housing and Vacancy Survey to study impacts to health, energy demand, and
UHI. Across NYC, this AC adoption spans from 75.8% to 98.4% of homes.
Mesoscale meteorological models provide the capability to explore these questions
using a detailed model representation of the atmosphere and the city where the
conservation equations of mass, momentum, energy, and air humidity are solved [29].
At the mesoscale, many processes affect how the atmospheric circulation is resolved.
This includes the interaction of the land use type and surface characteristics, complex
topography, water bodies and atmospheric aerosols. This also includes the role of the
urban canopy where the urban area can significantly influence the dynamical state of
the environment. The urban area can be characterized by building area coverage, high
density of vertical surfaces with varying heights, and surfaces made of artificial
materials. These characteristics cause the surface – atmosphere interaction to differ in
comparison to the natural environment. This unique surface energy balance tends to
cause the urban areas to be warmer with increases in temperature of up to 10°C [9,30]
leading to the UHI.
This study uses a high-resolution configuration of the Weather Research and
Forecasting model (WRF) to study the impact of full AC adoption in NYC. In general, WRF
is a non-hydrostatic mesoscale numerical weather prediction (NWP) system used for
weather-related research and forecasting [29]. When coupled with the multi-layer
building environment parameterization and building energy model (BEP – BEM), it can
serve as an appropriate urban climate modeling framework that is proven to capture
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these unique UHI effects. Most of the previous urban WRF applications have explored
extreme heat events in cities [28,29] and include a detailed case study evaluation.
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CHAPTER 2
2. METHODS
This study uses a high-resolution configuration of the WRF model coupled with a
multilayer urban canopy and building energy parameterization (uWRF) to study the
impact of full AC adoption in a large urban center like NYC. Three different case setups
were used to evaluate the health, environmental and infrastructural impacts related to
this new strategy. The first case, referred to onwards as the NO_AC case, presents
results associated with regions that currently have no AC and highlight the current
health risks associated to extended heat exposure. The second case, referred to
onwards as the CURRENT_AC adoption case, used the data from the NYC Housing and
Vacancy Survey 2017 to represent the current AC adoption rate in NYC as shown in
Figure 2.1 which includes the percentage of household with AC . The final case, referred
to onwards as the Full_AC adoption case, represents the 100 % AC adoption case in NYC.
The second and third case were used to explore the differences on impacts using the
CURRENT_AC case as the baseline setup that closely represents NYC.
2.1.

Social Evaluation
We quantify the present exposure to hazardous heat conditions using the heat

index [31], where the heat index is a metric that takes both the temperature and
relative humidity to quantify the “apparent” temperature a person can experience. The
NO_AC case was used to estimate the indoor heat index using the uWRF built in building
energy model outputs of indoor air temperature and humidity as inputs. The indoor
heat index was then calculated following the method proposed by Anderson et al. [32].
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Following such, the heat index was grouped into risk categories based off the
classification system used by the National Weather Service (NWS) [33] as shown in Table
2-1 to alert the public of dangerous health conditions. Finally, heat exposure hours were
computed for each risk category for every grid point in the 1km NO_AC model run for
the summer of 2018.
We also estimate the energy burden associated with the cost of AC operations
during the summer of 2018 where the energy burden is a function of
𝐶𝑜𝑠𝑡𝐴𝐶,ℎ𝑜𝑢𝑠𝑒ℎ𝑜𝑙𝑑 and the 𝐼𝑛𝑐𝑜𝑚𝑒ℎ𝑜𝑢𝑠𝑒ℎ𝑜𝑙𝑑 as follows:

𝐸𝑛𝑒𝑟𝑔𝑦𝐵𝑢𝑟𝑑𝑒𝑛 =

𝐶𝑜𝑠𝑡𝐴𝐶,ℎ𝑜𝑢𝑠𝑒ℎ𝑜𝑙𝑑
𝐼𝑛𝑐𝑜𝑚𝑒ℎ𝑜𝑢𝑠𝑒ℎ𝑜𝑙𝑑

(1)

Here the 𝐶𝑜𝑠𝑡𝐴𝐶,ℎ𝑜𝑢𝑠𝑒ℎ𝑜𝑙𝑑 is the cost of electricity during the summer as a function of AC
electricity use for cooling. This value was derived using the PRESENT_AC case on a 1 km
x 1km grid point scale that resolves how much AC is used in terms of 𝑘𝑊/𝑚2 . AC cost
per 𝑘𝑊ℎ was obtained from Consolidated Edison (ConEd), the primary energy service
provider in the NYC region, by using the schedule 2 ConEd rate at the residential scale
for the 2018 summer period. The price was 0.2493 𝑈𝑆 $/𝑘𝑊ℎ for the months of May
to September. 𝐼𝑛𝑐𝑜𝑚𝑒ℎ𝑜𝑢𝑠𝑒ℎ𝑜𝑙𝑑 was then derived from the American Community
Survey (ACS) 2017 5- year estimate where the data was interpolated to a 1km resolution
to match the uWRF PRESENT_AC domain resolution as shown in Figure 2.2.
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2.2.

Urbanized WRF Description
The urbanized WRF model (uWRF) includes two specific parameterizations that

allow the model to consider the influence of large urban centers in the energy and
momentum fluxes of the atmosphere. The building environment parameterization (BEP)
is a multi-layer urban parameterization that models the atmospheric effects caused by
urban buildings and includes heat flux adjustments to account for radiation shadowing,
reflection, and entrapment within the street canyons [34]. The building energy model
(BEM) is then coupled with the BEP to account for urban heat fluxes caused by heat
exchanges between the buildings and the environment. This includes the heat transfer
between the walls, floors, and roofs of a building, the solar radiation heat exchange
through windows and the effects of air conditioning, heating, and ventilation [35].
Within this system the indoor air temperature and indoor air humidity are found
by calculating the cooling / heating load on a simple box – type heat budget model that
pile up like boxes to consider several floors in a building. This model is driven by the
inputs of the WRF model like the outdoor air temperature, humidity, and radiation
reaching the walls and roof of the building. The indoor air temperature 𝑇𝑟 and indoor air
humidity 𝑞𝑣𝑟 are estimated by solving the following equation [35]:

𝑄𝐵

𝑑𝑇𝑟
= 𝐻𝑖𝑛 − 𝐻𝑜𝑢𝑡
𝑑𝑡

(2)

𝑑𝑞𝑣𝑟
= 𝐸𝑖𝑛 − 𝐸𝑜𝑢𝑡
𝑑𝑡

(3)

𝑙𝜌𝑉𝐵
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Where, 𝑄𝐵 = 𝜌𝐶𝑝 𝑉𝐵 (𝐽𝐾 −1 ) and 𝑉𝐵 (𝑚3 ) represent the overall heat capacity and total
volume of the indoor air on the floor, respectively. The total sensible heat load 𝐻𝑖𝑛 (𝑊)
and total latent heat load 𝐸𝑖𝑛 (𝑊) are computed within the model using WRF inputs
mentioned previously. The sensible heat load includes the heat exchange between the
indoor air and each component of the building surface like the roof, walls, and windows.
It also includes the sensible heat exchange that occurs through ventilation and finally
the internal sensible heat that is generated from sources like equipment and occupants.
The latent heat load includes the water vapor mixing that occurs from ventilation and
considers the component for the evaporation from occupants. The remaining
components 𝐻𝑜𝑢𝑡 (𝑊) and 𝐸𝑜𝑢𝑡 (𝑊) in equations 2 and 3 indicate the sensible and
latent heat needed for cooling / heating the indoor air for the floor when a target
temperature is set. From this formulation the electricity demand 𝐸𝐶 can then be found
using the following equation:
𝐸𝐶 =

1
∗ (𝐻𝑜𝑢𝑡 + 𝐸𝑜𝑢𝑡 )
𝑐𝑜𝑝

(4)

Figure 2.3 shows a visual representation of this entire process.
To obtain the city – scale load from BEM outputs, the gridded 1 km resolution
model air conditioning consumption (W/m2) was multiplied by the building area fraction
and the actual grid spacing area (1 km2), yielding the total building energy demand per
grid point. This was then added to a baseline load as shown in Figure 2.4 where this city
– wide baseline load represents the nonbuilding associated loads and was calculated
following the approach described by Salamanca et al. and Ortiz et al. [36,37].
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In this investigation, the building energy model within uWRF was modified to
include the AC percentage data information from the NYC Housing and Vacancy Survey
2017. This was done by modulating the sensible 𝐻𝑜𝑢𝑡 (𝑊) and Latent 𝐸𝑜𝑢𝑡 (𝑊) heat
fluxes with the specific AC household percentage parameter 𝛼 as follows:
𝐸𝑐𝑝 =

1
𝑝
𝑝
∗ (𝐻𝑜𝑢𝑡
+ 𝐸𝑜𝑢𝑡
)
𝑐𝑜𝑝

(5)

𝑝
𝐻𝑜𝑢𝑡
= 𝐻𝑜𝑢𝑡 ∗ 𝛼

(6)

𝑝
𝐸𝑜𝑢𝑡
= 𝐸𝑜𝑢𝑡 ∗ 𝛼

(7)

Some preprocessing was performed to re-grid the data from a community district level
grouping to the 1km x 1km domain used in the uWRF model, the results of this exercise
can be seen in Figure 2.6d.
To make use of the BEP / BEM parametrization, sub-grid urban building datasets
were required to represent the urban landscape and drive the uWRF model. From these
datasets, an urban land – use map was created for three land – use categories including
low – intensity residential, high – intensity residential, and finally industrial /
commercial. Depending on the urban class, different urban canopy parameters were
prescribed within the model including, but not limited to, the heat capacity, thermal
capacity, surface emissivity, and surface albedo of the roof and other building surfaces
[38]. In this work, the urban building data set requirements were obtained from the
Property Land Use Tax-Lot Output (PLUTO) dataset, a resource provided by the NYC
municipality through the NYC open data initiative, at a spatial resolution of 100 m as
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shown in Figure 2.5, where it was upscaled to a 1 km x 1 km domain to match the highresolution WRF domain [37] as shown in Figure 2.6a-c. This dataset provides the
required building height and building area fraction for the NYC region to classify each
building class as described previously.
2.3.

Experimental Design and Model Setup
In this investigation, three different case setups were used to evaluate the social,

environmental, and infrastructural impacts related to a full AC adoption scenario in NYC.
Each of these cases used a fully resolved urbanized WRF setup with differences in the AC
adoption percentage input data used to modulate the building energy model as
previously discussed. The NO_AC case had 0% AC data in the model, the CURRENT_AC
case used the AC percentage data information from the NYC Housing and Vacancy
Survey 2017 and the final Full_AC case used 100 % AC adoption as the input, where we
supposed that the AC was used to cool each building and maintain a set temperature of
23 °C. Each of these model cases was set up using WRF v 3.9.1 and configured with
three two-way nested domains at horizontal resolutions of 9, 3, and 1 km as shown in
Figure 2.7. The 1km × 1km domain was the primary focus of this investigation, as it is
the domain primarily encompassing the NYC region with the highest urban density. Each
of these model cases was configured to use the NOAH land surface model [39], the
Rapid Radiative Transfer Model for Global Circulation Models (RRTMG) for longwave
radiation [40], the Rapid Radiative Transfer Model for Global Circulation Models
(RRTMG) scheme for shortwave radiation [40], the Mellor–Yamada–Janjic planetary
boundary layer scheme [41], and the Aerosol aware Thompson microphysics scheme
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[42]. A summary of the model’s physics parameterizations used in this investigation is
given in Table 2-2. The model outputs consist of 0-24-hour forecasts simulated with a
time ranging from June 1, 2018 to August 30, 2018. A detail description of the uWRF
configuration is given in Ortiz et al. [37].
2.4.

Evaluation Methods
Model performance was evaluated against ground station data using weather

data from the New York State Mesonet network (http://www.nysmesonet.org/). The
CURRENT_AC case was chosen as the model setup to evaluate since it closely represents
NYC with the added AC information. Hourly outputs of temperature, wind speed and
wind direction were compared at 5 different stations in the city’s five boroughs
(Brooklyn, Bronx, Queens, Staten Island, and Manhattan as shown in Figure 2.8) using
different suitable performance metrics. These metrics included the root mean square
error (RMSE), mean absolute error (MAE), and the correlation coefficient (R2) to
measure the degree of error in comparison to the observations. For this evaluation,
weekends were excluded as the model only considers a weekday work schedule from
Monday to Friday.
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Figure 2.1: AC % data
2017 New York City Housing and Vacancy Survey data of households with
AC in terms of percentage
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Table 2-1: Heat Index risk categories
Heat Index Risk categories and the ranges
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Figure 2.2: 5 – year medium household income
5 – year medium household income estimated from the 2017 ACS,
interpolated on the WRF 1km domain. Green bounday represents South
bronx region, while orange boundary represents EAST and Central
Brooklyn . Black circles show the location of NYS Mesonet stations used
for model evaluation
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Figure 2.3: uWRF BEP – BEM modeling representation
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Figure 2.4: Baseline city-wide load derived from the NYISO load
data
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Figure 2.5: PLUTO building area fraction and building height
at a spatial resolution of 100 m

17

Figure 2.6: uWRF Model inputs
uWRF Model inputs inlcuding PLUTO building area fraction and building
height reinterpolated to 1km domain. AC data reinterpolated to WRF
1km domain
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Figure 2.7: Model Domain
Outer (d01) and nested domains (d02, d03) used by the
urbanized model
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Model Physics
Land surface model
Longwave radiation
Shortwave radiation
Planetary boundary layer
Microphysics
Urban surface

Scheme
NOAH LSM [39]
RRTMG [40]
RRTMG [40]
Mellor–Yamada–Janjic [41]
Aerosol aware Thompson [42]
BEP + BEM [34,35]

Table 2-2: Summary of physics parameterization
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Bronx

Manhattan

Queens

Brooklyn
Staten Island

Figure 2.8: Weather station locations

21

CHAPTER 3
3. RESULTS
3.1.

Model Evaluation
Model performance was evaluated against ground station data using weather

data from the New York State Mesonet network and the results of this evaluation can
be seen in Table 3-1. Modeled temperatures compared favorably with observations
across every station with an average R2 value of 70%, average RMSE of 2.9 °C and
average MAE of 2.3 °C. A similar analysis was done for wind direction and wind speed
resulting in an average R2 value of 23%, average RMSE of 88° and average MAE of 50°
for wind direction and an average R2 value of 27%, average RMSE of 1.5 m/s and
average MAE of 1.2 m/s for wind speed. A time series comparison between the model
outputs and observation data was also plotted for every station as shown in Figure 3.1
to Figure 3.5 covering the entire summer of 2018. The timing of the peak temperature
was captured very well across every station while also capturing the diurnal profile. The
model also tended to underpredict the temperature for every station as shown by the
associated histogram plot. In terms of wind direction, the time series plot showed that
the model did very well in capturing the diurnal behavior across every station. The
histogram plot also showed that the model was able to capture the multimodal
behavior of the distribution, although the Manhattan and Queens site had a slight
underprediction as shown by the shifted distribution. Finally, in terms of wind speed,
the model was able to perform very well in the Queens and Bronx site with a very
similar distribution in comparison to the observed wind speed. For the Manhattan and
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Brooklyn site, the model tended to underpredict the wind speed while the model
overpredicted the wind speed in the final Staten Island location.
A surface plot showing the model outputs for 4 different times during one of the
2018 heatwaves is also shown in Figure 3.6. Here the five surface observations were
overlaid on the plot to explore the spatial performance of the model, including observed
wind as shown by the wind barbs and the surface temperature with corresponding error
overlaid in text. From these results the model was able to capture the low winds and
surface temperature at 14:00 UTC well at each station. As time progressed, the model
was able to capture the dynamic behavior of the wind, especially in the Brooklyn region
where the observed wind direction and wind speed matched the model at every time
step. Although the model captured the stagnant air during the peak heat period of 18:00
UTC in the Bronx and Manhattan region, the model tended to over predict the peak
surface temperature. These errors were then reduced at the 20:00 UTC mark, where the
model performed very well in terms of temperature and wind.
3.2.

Social Impacts
The NO_AC uWRF case was used to estimate the indoor heat exposure level for

the population of people who had no access to AC. Figure 3.7 shows a set of spatial
indoor air temperature plots at four different times during the same day. At 14:00 UTC,
the average ambient air temperature was about 29 °C while the average indoor air
temperature was about 38 °C across the entire domain. Although the indoor air
temperature was relatively uniform across the domain during this time, the Bronx
region experienced a slightly higher indoor air temperature of about 4 °C. As the time
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progressed to 20:00 UTC, the increase in indoor air temperature was noticeably higher
in the same Bronx region in comparison to the earlier 14:00 UTC time. That same
location experienced an indoor air temperature condition of about 49 °C, the highest
temperature in comparison to the other 4 boroughs. The Brooklyn location had the
second highest indoor air temperature at 20:00 UTC but also experienced the highest
change in comparison to the ambient outside air temperature with a delta of about 17
°C. Lower Manhattan experienced the coolest indoor temperatures throughout the 4
time periods, which is expected with its highest AC % in the domain. The lower Queens
area also had a cooler indoor temperature at 20:00 UTC which did not seem to change
much as time progressed. This can potentially be explained by the large amounts of sea
breeze wind it experienced during the 16:00 – 20:00 UTC time as shown in the previous
Figure 3.6.
Heat index was then used to show the total number of hours exposed to the
dangerous levels of heat using the same NO_AC uWRF case as shown in Figure 3.8.
These results show the spatial variability of hours exposed to heat in terms of heat
index, grouped into 4 different plots defined by the NWS risk category for the entire
summer of 2018. The first risk group, labeled VERY WARM (Figure 3.8a), has low
amounts of exposure in terms of hours with total hours less than 500 across the entire
domain. The second risk group labeled HOT (Figure 3.8b) had a similar geospatial
pattern in comparison to the VERY WARM case, but with an increased intensity of
exposure to about 900 hours. The primary feature between these two categories
included the peak intensity surrounding the midtown / downtown Manhattan region.
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The following risk group labeled VERY HOT (Figure 3.8c), on the other hand,
experienced the highest numbers of exposed hours across the entire domain. This is
clearly shown in Figure 3.8c, where regions in upper Manhattan and the Bronx were
exposed to more than 1300 hours of VERY HOT heat. The final risk group labeled
EXTREMELY HOT (Figure 3.8d) has a similar geospatial pattern in comparison to the
VERY HOT case, but had a much lower intensity of exposure to about 300 hours. The
final two cases have a stark shift in exposure level in contrast to the first two risk levels
of VERY WARM and HOT where the previous two cases have peak intensities
surrounding the Manhattan region. The heat index exposure ended up shifting towards
the lower income regions like uptown Manhattan and South Bronx in comparison to
lower Manhattan where the exposed hours to VERY HOT conditions dropped to nearly
zero.
CURRENT_AC results were used to estimate the energy burden associated with
the cost of AC operations during the summer of 2018 and are presented in Figure 3.9.
Results show that the AC burden had a peak of about 0.020% of total income per cooled
square meter in areas like the South Bronx and Central / Eastern Brooklyn (boundaries
highlighted in Figure 2.2 ). While also coinciding with regions of low AC adoption rates,
low household incomes and peak heat exposure hours. These results highlight some of
the trade-offs involved in the discussion of heat adaptation measures. Although low
income neighborhoods experience the longest exposure time to indoor heat, they also
see the highest relative costs of AC operation.
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3.3.

Environmental Impacts
The CURRENT_AC case and FULL_AC case were used to explore the

environmental impact on the domain If we supposed that 100% AC was used to cool
every building in NYC and maintain a temperature of 23°C. Figure 3.10 shows the
sensible heat flux released into the environment as a result of the AC use for each case
during a heat wave in NYC. While Manhattan maintained a similar peak across both
cases, there was a noticeable increase across every borough, especially within the
regions that previously had a low percentage of AC. Taking for example upper
Manhattan and the Bronx, from Figure 3.10c, there was an additional 65 W/m2 of
sensible heat flux released into the environment due to the AC adoption. When looking
at downtown Manhattan and Staten Island, there was not much of a change.
This trend was also evident when looking into how the UHI was affected due to
the additional AC. Figure 3.11 shows a spatial plot of the temperature difference
between the FULL_AC case and the CURRENT_AC case. Here, higher values represent a
hotter ambient temperature within the environment due to the additional heat released
by the FULL_AC case. Regions like the Bronx and central Queens experienced a peak of
about 1.1 °C and 0.9 °C respectively during this heatwave following the spatial trend
presented by the heat flux plot in Figure 3.10. A time series plot was also used to
explore how this temperature difference varied throughout the summer of 2018 and is
presented in Figure 3.12. Here, two different locations were chosen to contrast the
differences of AC adoption. The Bronx location had an AC adoption of about 75% while
the Staten island location had an AC adoption of about 95%. During the first heatwave
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plotted in Figure 3.12, the temperature difference hit a peak difference of about 2.50 °C
in the Bronx and about 1.50 °C for Staten Island. The Bronx location also had a much
higher spread of temperature differences as shown by the histogram plot to the right of
Figure 3.12. The Bronx location had a wider range between 1.00 °C and -1.00 °C as
compared to the Staten island case which fell between 0.50 °C and -0.50 °C.
3.4.

Infrastructural Impacts
The CURRENT_AC case and FULL_AC case were used to explore the impacts on

infrastructure based on the increased energy consumption brought on by 100% AC in
NYC. Figure 3.13 shows the total city-scale load (MW) during the three heat wave events
from 2018. The CURRENT_AC case had an average peak of about 9000 MW during the
most intense points of each heat wave. The FULL_AC case on the other hand, had an
average increase of about 20 % with a peak reaching 10750 MW on July 2, 2018 and
August 29, 2018. Figure 3.14 shows the spatial distribution of AC electrical consumption
in terms of W/m2 for every grid point across the NYC domain during the second heat
wave event. From The CURRENT_AC case shown on the left panel, Manhattan had the
highest consumption of about 55 W/m2. Areas with very low AC adoption had an
average load of about 4 W/m2 as evident in the Bronx and Queens location point on the
figure. With the FULL_AC case as shown in the center plot of Figure 3.14 there was a
drastic difference in these two locations with a 300 - 500% increase, respectively. The
moderate AC case shown by the Brooklyn location with 93% AC saw an increase
consumption of about 50% while the Manhattan site stayed relatively the same. These
results can be furthered verified by Figure 3.15 where the percent difference between
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the 2 cases were plotted for each of the heat wave events. The Manhattan site had no
change for any heat wave while the Bronx location with an AC % difference of 24 % had
a peak increase of about 550%.
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Stations
BKLN
BRON
MANH
QUEE
STAT

Temperature
RMSE MAE
66%
3.02
2.34
74%
2.80
2.16
74%
2.76
2.17
65%
3.20
2.54
72%
2.93
2.28
R2

Wind Speed
RMSE MAE

R2
32%
17%
20%
25%
21%

Table 3-1: Model evaluation metrics
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76.38
99.11
94.86
84.73
87.61

45.74
57.68
57.43
47.57
50.09

Wind Direction
RMSE MAE

R2

31%
27%
6%
33%
39%

1.64
1.14
1.39
1.47
1.88

1.31
0.89
1.08
1.14
1.47

Figure 3.1: Staten Island time series for evaluation
Staten Island time series of model and observation used for evaluation
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Figure 3.2: Queens time series for evaluation
Queens time series of model and observation used for evaluation
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Figure 3.3: Manhattan time series for evaluation
Manhattan time series of model and observation used for evaluation
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Figure 3.4: Bronx time series for evaluation
Bronx time series of model and observation used for evaluation
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Figure 3.5: Brooklyn time series for evaluation
Brooklyn time series of model and observation used for evaluation
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Figure 3.6: Surface plot of model and surface station
Circles represent temperature observations, Black wind barbs represent
surface observation
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Figure 3.7: Model indoor air temperature surface plot
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Figure 3.8: Number of hours of indoor exposure
For (a) very warm, (b) hot, (c) very hot, and (d) extremely hot heat index
conditions.
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Figure 3.9: AC utility cost burden

38

Figure 3.10: Model Sensible Heat Flux
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Figure 3.11: Model temperature Comparison
Temperature difference between FULL_AC case and CURRENT_AC case
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Figure 3.12: Model temperature difference time series
Temperature time series difference between FULL_AC case and
CURRENT_AC case at two different point. Red markers indicate times
over 32 °C.
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Figure 3.13: Total NYC Load for three heat waves
Total NYC load for FULL_AC case and CURRENT_AC case during three heat
wave events
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Figure 3.14: Spactial Plot of AC consumption
Spactial Plot of AC consumption for CURRENT_AC (LEFT) and FULL_AC
case (MIDDLE) and difference between both (RIGHT)
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Figure 3.15: AC load percent difference
AC load percent difference between FULL_AC case and CURRENT_AC case
during three heat wave events at four different locations with different
AC percentages
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CHAPTER 4
4. CONCLUSION
In this investigation we explored the overall impact of increasing AC system
adoption in residences to 100% as an adaptive measure to reduce human health risks
under heat waves using NYC as a case study. This study used AC adoption data from the
2017 New York City Housing and Vacancy Survey to study impacts to health, energy
demand, and UHI. A mesoscale WRF model was chosen and coupled with the multi-layer
building environment parameterization and building energy model (BEP – BEM) to
provide an appropriate urban climate modeling framework to investigate these
questions.
Three different case setups were used to evaluate the impacts of going to full AC
adoption of 100%. The first NO_AC case, presented results associated with regions that
currently had no AC to highlight the current health risks associated to extended heat
exposure. The second CURRENT_AC adoption case, used data from the NYC Housing and
Vacancy Survey 2017 to represent the current AC adoption rate in NYC. The final Full_AC
adoption case, represented the 100 % AC adoption case in NYC.
A detailed model evaluation was first performed on the CURRENT_AC adoption
case which showed that the uWRF system compared favorably in terms of surface
temperature with observations across every station with an average R2 value of 70%,
average RMSE of 2.9 °C and average MAE of 2.3 °C. As time progressed, the model was
also able to capture the dynamic behavior of the wind, especially in the Brooklyn region
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where the observed wind direction and wind speed matched the model at every time
step.
To quantify the exposure to extreme heat, the NO_AC case was used to estimate
the total number of hours exposed to different levels of indoor heat index. Results
showed that regions in upper Manhattan and the Bronx had been exposed to more than
1300 hours of VERY HOT heat. There was also a shift towards lower income regions like
uptown Manhattan and the South Bronx in comparison to lower Manhattan where the
exposed hours to VERY HOT conditions dropped to nearly zero. The CURRENT_AC case
was used to estimate the energy burden associated with the cost of AC operations
during the summer of 2018. Results showed that the AC burden had a peak of about
0.020% of total income per cooled square meter in regions coinciding with low AC
adoption rates, low household incomes and peak heat exposure hours. These results
highlight some of the trade-offs involved in the discussion of heat adaptation measures.
Although low income neighborhoods experience the longest exposure time to indoor
heat, they also see the highest relative costs of AC operation.
The CURRENT_AC case and FULL_AC case were used to explore the
environmental and infrastructural impact on the domain If we supposed that 100% AC
was used to cool every building in NYC. During the first heatwave in the study
timeframe, the temperature difference hit a peak difference of about 2.50 °C in the
Bronx and about 1.50 °C for Staten Island. In terms of energy consumption, The FULL_AC
case, had an average increase of about 20 % with a peak reaching 10750 MW on July 2,
2018 and August 29, 2018.
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Nevertheless, our study shows the different impacts associated with 100% AC
and can serve as a guideline when determining policy changes that effect the lowincome communities and most vulnerable.
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